Abstract-In this paper, an active model-based control scheme is developed for the pneumatic artificial muscle (PAM), to compensate for the uncertainties in the dynamics model of the PAM. First, a simplified three-element model with respect to a specific range of pressure is formulated as the reference model. Second, a Kalman filter is adopted to actively estimate the errors involved in the reference model, especially while the PAM was working at the pressure outside the specific range where the reference model was built. Finally, a compensation control is proposed using the estimated errors to reject the modeling errors and improve the performance of the PAM. Experiments are conducted on a one degree-of-freedom testbed actuated by the PAM. The experimental results with and without the activemodel-based compensation are presented and compared to demonstrate the improvements of the proposed scheme.
I. INTRODUCTION
T HE pneumatic artificial muscle (PAM) is a tube-like actuator that decreases in actuating length when pressurized [1] . Compared to conventional actuators (e.g., motors, hydraulic actuators, and gas cylinders), the PAM is more similar to the human muscle in size, weight, and power/weight output. Moreover, the PAM has inherent compliance that makes it feasible for exoskeletons and rehabilitation robots. However, the compliance of the PAM is associated with nonlinearity, hysteresis, and timevarying characteristics, which makes it more difficult to model the dynamics and design high-performance controllers [2] .
The dynamics models of the PAM may be grouped into two classes, namely, a theoretical model and a phenomenological model, respectively [3] . The theoretical model intuitively describes the relationship between the PAM's characteristics and the parameters directly related to the PAM's geometric structure and material properties, and often has a complex structure with many parameters [4] - [7] . For example, Chou and Hannaford derived the model from the law of energy conservation, and described the relationship among the pressure, the length, and the contractile force of the PAM [5] , [6] . The phenomenological model, on the other hand, is constructed according to the relationship between the input and output of the PAM, and is suitable for very complex dynamics that are hard to describe by the theoretical model. Among the phenomenological models of the PAM in [8] - [10] , the most used one is the three-element model proposed by Reynolds, in which the PAM is considered as a parallel arrangement of three elements [10] . However, both the theoretical and the phenomenological models contain timevarying parameters and unmodeled uncertainties that need to be compensated by control techniques.
Control schemes have been proposed in order to handle the uncertainties existing in the model of the PAM. The PID-type control is one the most used schemes to control the PAM [11] , while many types of compensation have been proposed to enhance the robustness of normal PID control, for example, fuzzy PID control [12] , neural network nonlinear PID control [13] , and neural fuzzy PD+I control [14] . Moreover, model-based control algorithms are also proposed for the PAM, such as sliding mode control [15] , proxy sliding mode control [16] , adaptive position control [17] , nonlinear optimal predictive control [10] , and gain scheduling control [18] .
Due to the nonlinearity, hysteresis, and time-varying characteristics of the PAM, it is difficult to precisely describe its dynamics in the entire range of pressure using only one model with constant parameters. And the model-based schemes usually cannot obtain high-precision control due to the errors between the actual PAM dynamics and the model used for the control design. In order to reject the modeling error and improve the control performance, Andrikopoulos et al. proposed a piecewise model-based control [1] and a gain scheduling-based advanced nonlinear PID (ANPID) control [2] . The dynamics describing the whole range of pressure were segmented into six piecewise affine models [1] , and the "mode-dependent" parameters in each subsystems were adjusted by lookingup a pre-prepared table. Similar as the "piecewise segmentation method," this scheme used a specified time-invariant model with respect to each subsystem. However, modeling error still exists with respect to each subsystem, although this error may be reduced after the piecewise segmentation.
Based on the active modeling technique for the PAM in our previous work [19] , in this paper, we further proposed a new control scheme to compensate for the uncertainties in the PAM dynamics model. Instead of using multiple piecewise models and mode-dependent controls, in the proposed scheme we tried to actively estimate the modeling errors existing in a simplified PAM model, and reject the errors by an additional control, which is a compensation added to the nominal control designed based on the simplified reference model. In order to demonstrate the effectiveness of the proposed scheme, we chose the simplified three-element model of the PAM as the reference model, the Kalman filter as the active estimator, and the simplified ANPID (sANPID) as the nominal controller. All of these existed algorithms have low computational burden and are easily implemented on real system. The performance of the new control scheme was experimentally tested on a one degree-of-freedom (DOF) testbed, and the improvement was demonstrated by the comparison between those controlled by sANPID only and the sANPID plus active model error compensation.
The rest the paper is organized as follows: Section II introduces briefly the three-element model of the PAM as a preknowledge. Then, the proposed active modeling technique is presented in Section III. Section IV describes the control algorithm based on the active model, followed by the experimental studies and comparisons in Section V.
II. PREKNOWLEDGE: THREE-ELEMENT MODEL OF PAM
The generalized three-element model of the PAM is shown in Fig. 1 , where the PAM is placed on the vertical position with the top fixed and a payload attached to the bottom. The PAM is assumed to be a parallel arrangement of a spring element, a damping element, and a contractile element. The biggest difference between the generalized model proposed here and the original one proposed in [10] is that the damping element and the spring element contain high-order terms. The generalized model that describes the dynamics of the PAM is formulated as follows: where x, P , and M are, respectively, the PAM displacement, the air pressure, and the mass of load; B i (P ), K i (P ), and F (P ) are the i th-order damping coefficient, the i th-order spring constant, and the contractile force, respectively; m and n are the orders of the damping and spring polynomial, respectively; g is the gravitational acceleration; B ik , K ik , and F k are the polynomial coefficients; and N is the order of the approximated polynomials.
In general, larger values of m, n, and N result in higher approximation accuracy and increased complexity. For real applications, a simple model is usually used. For example, when selecting m = 1, n = 2, and N = 1, the model is equivalent to the model in [1] which combines the theoretical model and the original three-element model, i.e.,
From (2) we can see that the higher order terms in B(P ), K(P ), and F (P ) have been omitted for simplification while being compared with (1), which will introduce uncertainties in the simplified model. Fig. 2 shows the structure of the proposed scheme of active modeling and control. A reference model of the PAM needs to be selected and identified first, and then we need to design a nominal controller based on the reference model. The modeling errors are estimated in real time by the active modeling algorithm and input into the compensation control unit, which generates the compensation to reject the model errors. In this structure, we do not need multiple piecewise models nor a looking-up parameter table, all the uncertainties are left to the active estimator and the compensation controller.
III. ACTIVE MODELING TECHNIQUE FOR PAM

A. Reference Model of PAM
Indeed, any simplified model of the PAM, which is suitable for control design, can be used as the reference model in Fig. 2 . Without losing the generality, in this paper, we used a linearized three-element model as the reference model. The parameters in the reference model can be identified within a small range of pressure, which is defined as the reference mode. And the whole range of press is defined as the full mode.
The PAM displacement x and the applied pressure P can be expressed in the incremental form around the initial operating point x 0 and the nominal pressure P 0 , i.e.,
By linearizing the simplified model of (2) and utilizing the firstorder Taylor expansion around the initial operating point x 0 , we have
where
The state-space representation of (3) can be formulated as
The state vector X (t), output vector Y (t), and control U 0 (t) are, respectively, defined as
T ∈ 2 , and U 0 (t) = ΔP ∈ ; W (t) ∈ 2 is the process noise.
B. Active Modeling Algorithm
The parameters of (4) can be identified within a small range of the pressure P , i.e., the "reference mode" of the PAM. After such identification, (4) should meet the real dynamics of the PAM in a relatively high accuracy within the reference mode. But if the PAM works outside the reference mode, the uncertainties may degrade the performance.
According to [20] , all the uncertainties in (4) caused by linearization, disturbances, as well as un-modeled dynamics can be considered as additive process noise, which are related with the state of X (t) and the noise of W (t). Thus, when U 0 (t) = 0, the modeling errors of (4) can be formulated as [21] 
represents the model errors, f p and f v are the model errors with respect to position and velocity, respectively,Ẋ (t) ∈ 2 is the state of the reference model,
is the state of the actual dynamics of the PAM, B f ∈ 2×2 is a parameter matrix, and h (t) ∈ 2 is assumed to be the process noise actuating the model errors.
According to (4) and (5), the actual dynamics of the PAM can be represented as
where U 0 (t) ∈ is the nominal control input designed based on the reference model of (4), U (t) ∈ is the final control input applied to the actual system,Ỹ (t) ∈ 2 is the output of the actual PAM, and V (t) ∈ 2 is the measurement noise. In order to estimate the state X (t) and the model error f (t) simultaneously, we propose to use the "joint estimation" technique. To do this, we need to define the extended state and control vectors as
k , and U k are, respectively, the sampling values of X (t),X (t), f (t), U 0 (t), and U (t) at time k, and the superscript a indicates "extended."
Compared with the sampling frequency (often 100 Hz or higher) of the motion control system, the model error f (t) could be usually considered as a slowly time-varying vector, which means
where h k is the sampling value of h (t). Thus, the discrete equation of (6) can be obtained as
F, C}; T s is the sampling time; and V k is the sampling value of V (t).
Then, an estimator can be used to estimate in real time the extended state of X a k based on the state-space equation of (8) .
As an example, the normal Kalman filter [22] , [23] can be used as the estimator, i.e.,
where Q k is the covariance matrix of process noise W a k , R k is the covariance matrix of measurement noise V k ,X a k |k is the estimation of extended stateX a k ,X a k +1|k is the estimation of extended stateX a k +1 , P k |k is the estimation of covariance matrix P k , and P k +1|k is the estimation of covariance matrix P k +1 . Thus, we can get the estimations of the model errorf k and the actual stateX k fromX a k +1|k = X k ,X k ,f k of (9).
IV. ACTIVE MODEL-BASED CONTROL
The active model-based control consists of two parts: one is the nominal control that is designed based on the reference model; another is the compensation for the model error, which enhances the nominal control to handle the unmodeled uncertainties while the PAM is working outside the reference mode, i.e.,
where U 0 k , ΔU k , and U k are, respectively, the sampling values of nominal control U 0 , compensation control ΔU , and final control U at time k.
A. Nominal Control Based on Reference Model
The nominal controller is constructed based on the reference model. It should be noted that most control algorithms, for example, PID control, H ∞ control, etc., could be used as the nominal controller. In this paper, we simplified the ANPID control proposed in [2] as the nominal controller.
The ANPID control is a model-free control with gain scheduling and bumpless transition mechanism, which is needed at the switches of piecewise subsystems [2] . In this paper, we omitted the gain scheduling and bumpless transition mechanism, and left the model errors to the compensation control. The sANPID control algorithm is formulated as (k) are the advanced nonlinear errors for the proportional, integral, and derivative action at sampling time k, respectively; and p and q are the mode selectors posed on proportional and derivative terms, respectively. α ∈ [0, 1] is the auto-adjustable gain; δ is the antiwindup switch function; u max and u min are the maximum and minimum valves of control input, respectively; h (k) is the nonlinear adjustment function for integral term at sampling time k; and x d,range is the range of the operating point.
B. Compensation for Model Errors
According to (6) , the control needs to satisfy the following equation in order to compensate for the model error of f (t):
The compensation control ΔU k cannot be solved directly from (12) because the dimensionality of ΔU k is smaller than that of f k . To solve this problem, we propose the following optimization approach, and the quadratic cost function is defined 
wheref k is the estimation of f k at time k, and H 1 , H 2 are positive definite weight matrices, which can be set previously. To minimize J k (ΔU k ), by considering J k (ΔU k ) > 0, the optimal compensation control ΔU * k can be obtained at
i.e.
V. EXPERIMENTAL STUDIES
Experiments were conducted to verify the performance of the proposed active modeling and control scheme. As shown in Fig. 3 , the experimental setup consists of the PAM, a proportional pressure valve, an absolute encoder to measure the length change of the PAM, and the weight plates as payload. An embedded PC with EtherCAT terminals is used as the controller hardware.
The PAM utilized in the testbed is Festo DMSP-20-400N-RM-CM fluidic muscle with an internal diameter of 20 mm, nominal length of 400 mm, and an operating pressure range from 0 to 6 bar. The Festo VPPM-8L-L-1-G14-0L10H-V1P proportional valve is used to regulate the pressure of the compressed air inside the PAM. The absolute encoder is CHA38B10-12B-G24RS232. 
A. Reference Model Identification
The reference model of (2) in Section-II was identified first. The identification procedure involved the following two steps:
Step 1: Estimation of contractile force F (P ) and spring coefficient K i (P ).
From (2), the static model (whenẍ =ẋ = 0) of the PAM can be expressed as
We estimated the F (P ) and K i (P ) of (17) within the pressure P ∈ [3.0 4.0] bar. During the experiment, the pressure was set to 3.1, 3.4, 3.7, and 4.0 bar, respectively, while the load remained the same despite the pressure changes. The PAM displacement was recorded when each of the pressure reached its steady state. The experiment was repeated with respect to 16 different loads, which are listed in Table I .
According to (17) , data regarding the displacement and the load at the same pressure were used to estimate F (P ) and K i (P ) by the least squares fitting algorithm. The fitting process was repeated with respect to different pressure. The identified values of F (P ) and K i (P ) with respect to different pressure are listed in Table II , and the displacement-load fitting results of (17) with respect to different pressure are shown in Fig. 4 , where the different color curves represent the fitting results with respect to different pressure.
According to the identified values of F (P ) and K i (P ) with respect to different pressure in Table II , the functional relationships of F (P ) and K i (P ) were obtained by linear fitting. The fitting results are shown in Fig. 5(a)-(c) , and the identified expressions of contractile force F (P ) and spring coefficient K i (P ) are shown in (19) .
Step 2: Estimation of the damping coefficient B 1 (P ).
From (2), the model of the PAM can be expressed as The identification of B 1 (P ) was carried out with respect to both the inflation and deflation cases. For the inflation case, a step response was generated by suddenly increasing the pressure. For the deflation case, a step response was generated by suddenly reducing the pressure. The dynamic displacement curves of the PAM were recorded by the absolute encoder.
According to (18) , the sampling data from the dynamic curve were used to estimate B 1 (P ) and K 1 (P ) by the least squares fitting algorithm, and the values of F (P ) and K i (P ) identified in Step 1 were directly used in Step 2. But K 1 (P ) was considered as an unknown parameter and was re-estimated together with B 1 (P ). The estimated value of B 1 (P ) was considered as the true value when the re-estimated value of K 1 (P ) was close to its previous value estimated in Step 1, and finally the mean value of the true values from several repeated experiments was considered as the estimated value of B 1 (P ).
The identification processes were repeated at the pressure of 3.0, 3.5, and 4.0 bar, and a load of 40.97 kg. The identified values of B 1 (P ) at pressure of 3.0, 3.5, and 4.0 bar in the inflation and deflation cases are listed in Table III . According to the identified values of B 1 (P ) with respect to different pressure in Table III , the functional relationships of B 1 (P ) in the inflation and deflation cases were obtained by linear fitting, as shown in Fig. 5(d) , and the identified expressions of the damping coefficient B 1 (P ) in the inflation and deflation cases are shown in (19) . The identified reference model of the PAM is as follows:
It should be noted that the reference model of (19) was identified with respect to the air pressure of P ∈ [3. (19) were also calculated. The encoder measurements and model outputs of the six pressure segments are demonstrated and compared in Fig. 6 , where the modeling errors can be seen clearly.
Furthermore, we defined the following two indexes to indicate quantitatively the modeling errors:
where x model and x real are, respectively, the reference model output of (19) and the real displacement measured by the encoder; Err model is the mean value of Err model , and N is the number of sampling points. Err model and Var model are listed in Table IV . Both Fig. 6 and Table IV demonstrate that the model output meets the encoder measurement very well 
B. Active Model Error Estimation
The model error was introduced into the reference model as an extended state of (8) . Then, we used the Kalman filter of (9) to synchronously estimate the system state and the model error in real time.
The real measurements of the encoder, the reference model outputs, and the model outputs + active estimations with respect to the six pressure segments are demonstrated and compared in Fig. 7 , from which we can see that the model outputs + 
active estimations meet the encoder measurement very well with respect to all the six segments.
Equations (22) and (23) are, respectively, defined as the error between the active estimation and the real measurement of the encoder, and the mean square error
where x estm and x real are the active estimation output of (8) and the real displacement measured by the encoder, respectively. Err estm is the mean value of Err estm , and N is the number of sampling points. According to (22) and ( Table V. The comparison between  Tables IV and V demonstrates that the proposed active estimation algorithm reduced the modeling errors significantly and the left model errors after active estimation were less than 1/100 of those by the model calculation only.
C. Nominal Control and Active Model-Based Compensation
The purpose of the experiments was not to demonstrate the control performance of the ANPID technique, but the improvements benefited from the compensation based on the active model-error estimation. So we only used the sANPID of (11) as the nominal controller, and the parameters of the sANPID listed in Table VI were only selected by hand based on the identified reference model of (19) with the goal of achieving fast response and high accuracy.
The positive definite weight matrices for the compensation strategy of (13) were selected as
The load during the experiment was fixed to 40.97 kg, which was about one-third of the maximum load the PAM could lift, and the sampling period was set as T s = 0. [0.0 6.0] bar, two sinusoidal reference trajectories were designed, respectively, i.e.,
and the tracking error was calculated as
where x d and x are, respectively, the desired trajectory of (24) or (25), and the PAM's displacement measured by the encoder. Err is the mean value of Err, and N is the number of sampling points. The performance of the PAM under the sANPID control while tracking the reference trajectories of (24) and (25) is shown in Fig. 8 , and the corresponding tracking error is listed in Table VII . We can see that the tracking error of full mode is much larger than that of the reference mode where the reference model was identified. The Var of full mode is more than 80 times of that of the reference mode.
The same experiments were conducted while the proposed sANPID-based active model control (sANPIDAMC) was used to control the PAM, and the experimental results are demonstrated in Fig. 9 and Table VIII. The active estimations of the model errors of f p and f v of (9), and the actions of the control including the active compensation of ΔU of (16) are further shown in Fig. 10 to demonstrate the function of the proposed active estimation and compensation. From Fig. 10 , we can see that the compensation control ΔU successfully enhanced the nominal control U 0 . Table VIII also indicates that the average tracking error of full mode has been reduced from 0.982 mm to 0.037 mm, namely, the active compensation control rejected more than 96% of the tracking error left by the nominal control.
VI. CONCLUSION AND FUTURE WORK
In this paper, an active estimation-based control scheme was proposed for the PAM, which intended to reduce the model errors existing in a simplified dynamics model of the PAM and improve the performance of the nominal control designed only according to the simplified model. Extensive experiments were conducted on the one-DOF PAM testbed, and the experimental results validated the improvements of the proposed scheme. According to the designed trajectory, the tracking error has been reduced more than 96% within the whole pressure range.
Besides the errors caused by the simplification procedure of the PAM reference model, the variations in the payload of the PAM will also introduce errors, which will degrade the control performance too. How to estimate and compensate for the model mismatch due to payload variation is the problem we will work on in near future.
